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Abstract

In order to solve the financial fraud problem, XGboost and CatBoost methods are used to identify
financial fraud. For the selection of super parameters, GridSearchCV is used to pre-train the two
kinds of boosting methods to find the optimal super parameters. Super parameters are applied to
two types of boosting methods, and the recognition effects of the methods are compared and ana-
lyzed from the perspectives of time, accuracy and performance. The results show that the CatBoost
method has higher accuracy and better performance than the XGBoost method in identifying fi-
nancial fraud.
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Figure 1. Diagrammatic figure of GBT
Bl 1. GBT {R&I[E

4.2. CatBoost &8

CatBoost #i 5./ Yandex AR #&H, &4k XGBoost 2 Ji—25#1 ! boosting J77%. CatBoost 3= %
SdE T GBT HETE I TR S [/ [8]. GBT FERFXIIZRSS 5 S asid e, i T 2 [l — AN s
£, WHRZE L SRR TR R B mAhiE, K CatBoost #2H Ordered boosting HEfF 5%k, #2125
R0, ATELEARHESI RN 2 IG5 214, DA RIRZE L bR R mAlivh, 980b 95257 2 28404 1
75, P AR AR

5. M% 11/\?111
AT AR L X6 5 [ b T F 0 A5 i R R AT U AT
5.1. MEHBEERIR

ASCHINGRFEARIR T Bao [13]554E github EAARKIAEE . 28 oh IV S5 IVEREARIE T AAER %
Pa e, NN R ZAA SE A Rl A ], AR SL U 55 PR R KU T COMPUSTAT JEASE FE 8 i . %4

DOI: 10.12677/aam.2021.1012449 4229 IR Esid


https://doi.org/10.12677/**.2021.*****
https://doi.org/10.12677/**.2021.*****
https://doi.org/10.12677/**.2021.*****

P& “uscecchini28.csv” FHLE 1990~2014 43¢ [ E i 2 R 5536 bR 2 Hcha A 5 Fa b Kt 2t
146,045 S5ic s EdE . Hor, EERFRAEEIE “misstate” HHAT/RAYAR R0, )R, MEIRRH 28 NMEAN
FARPRAN 14 D55 LLARMI R, BRI 1o

Table 1. Composition of financial indicators

1 BRI

Fekrork By A 1 bR fabR A PR
T
AR
7 it
W A
B 4o RV B
B 1A
I Y R A A ~
Fah fufk s &S%Qf
RIS A R 25 A
KR 4 5T PEAEAE 1Y,
A IE R oV 5 H
BERRIF BN o I35
o
N il e B4 Ak,
A b BYERIEK 5% L b B4 (RAE 425 1L
KT B S
WA T L

lv9sNay
e ONGE |
N1 FsSay
PSEm B A BTt
A7 s
SO R T
B
I BN S SR PR
I A T 5 A5
ARG S i
WA

B AFIC AR 7 e R I L)
B LSBT A
KPR RATER
HBEATIIZ AT

5.2. IARRBBIILZ

WHE Bao [13P HAREERIFF 77, 1 2008 )5 3% [EBUR A B 3k A48k, AR E 1990~2002
SRR E AT I ZRbEACEE , 2003~2008 A AR AE N IREE , FH I ZRbEARSE I 2RI 25 1 B R A AR 2
B 234550 kaggle =°F 5, python3.6 M85 J — S8 A FFJE€L, 40 sklearn. matplotlib %% .

5.2.1. XGBoost # & i)I1%k

% S B S HOT I SR CR IR, TERR RS 5 KB 25T, A SCER sklearn AL AR (1 4H1F
GridSearchCV #4724k #% . GridSearcgCV £ S HIds, RTELESHEA/PMMERLIEE, w15
RIE /NS B4 AT K FTIIE RIS E A R, B2 50. 515 XGBoost, A TRl
WZRFEALE 4000 25 ##51E N GridSearchCV [IZHEA, 4T n = 5 1) K 38 IRk, X4 € u
ZHUANT Iy, BRAMRENE N RIESE, Wk 2,

DOI: 10.12677/aam.2021.1012449 4230 IR Esid


https://doi.org/10.12677/aam.2021.1012449

Table 2. Optimal hyper parameter of XGBoost
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